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Cover Story: Stellar orbits in the odyssey of embryonic development. 1 

The fluorescence (green/GFP: cell nucleus; red/mCherry: cell membrane; outer ring) and segmentation 2 

(utilizing both cell nucleus and cell membrane fluorescence; inner ring) snapshots of worm Caenorhabditis 3 

elegans embryos rotate clockwise like a celestial trajectory, chronicling embryonic development from 4-4 

cell to 550-cell stages. Analogous to the primordial unfolding of galactic arms, morphological 5 

differentiation within an organism unfolds across hierarchical scales: from the early formation of germ 6 

layers (endoderm, mesoderm, and ectoderm) to the late emergence of tissues and organs (skin, muscle, 7 

pharynx, neurons, and intestine), ultimately down to each and every cell. As these stellar orbits expand, 8 

individual cells scatter like shooting stars, each carrying a differentiated morphology distinct to its specified 9 

fates. This journey through a morphodynamic cascade unveils the exquisitely encoded logic orchestrating 10 

life from gene expressions to cell morphologies in concert, culminating in the stereotyped spatiotemporal 11 

patterns of cell fate. 12 

 13 

 14 
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 2 

In brief 3 

Cell fates are characterized by distinct features that uniquely identify each cell. Using 12 cell morphology 4 

descriptors and 412 gene expression profiles across lineage-resolved C. elegans embryos, Guan et al. 5 

demonstrate that cell fate specification proceeds through coupled or decoupled differentiation in gene 6 

expression and cell morphology, providing novel identifiers and resources for studying cell fate regulatory 7 

mechanisms in development. Cellular behaviors, encompassing asymmetric division, intercalating 8 

movement, and hierarchical differentiation from germ layers to specific cell types, are effectively 9 
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predictable. 1 

 2 

Highlights 3 

⚫ 3D morphology descriptors can characterize various cellular states quantitatively. 4 

⚫ Developmental cell morphology accuracy is regulated and robust. 5 

⚫ Cell morphology and gene expression differentiations can be coupled or decoupled. 6 

⚫ Customized morphology descriptors sensitively distinguish cell fates across scales. 7 

 8 

KEYWORDS 9 

Cell morphology, gene expression, cell fate differentiation, differentiation, decoupling and coupling, 10 

metazoan development, germ layer, tissue and organ, body axis, Caenorhabditis elegans embryogenesis 11 

 12 

SUMMARY 13 

Cell morphology reflects cellular states, particularly cell fates with specific spatiotemporal features, 14 

like the spreading of epidermal cells in skin. However, how cell morphology relates to cell fate and genetic 15 

programs remains unclear. In this study, we leveraged the up-to-date lineage-resolved 3D cell morphology 16 

dataset of worm Caenorhabditis elegans embryogenesis. Twelve quantitative morphology descriptors 17 

reveal that cell morphology variation is tightly controlled and robust against mechanical compression, but 18 

not Notch signaling blocking. Integrating expression profiles of 412 genes, genetic and morphological 19 

differentiations between sister sublineages are identified in either coupled or decoupled manners, specifying 20 

cell fates from the formation of germ layers and tissues/organs to body axis establishment. Remarkably, 21 

customized morphology descriptors significantly distinguish cell fates (e.g., neuron, pharynx, muscle, 22 

intestine, skin) with a few dozen 3D cell region samples. Together, these results uncover the genetic-23 

morphological regulatory architectures during development synergistically and point toward medical and 24 

engineering applications with cell morphologies as novel biosensors. 25 

 26 

 27 

INTRODUCTION 28 

Cell morphology, defined by the three-dimensional (3D) geometry of the cell membrane boundary, is 29 

one of the most fundamental characteristics of a cell, reflecting its state, including division, movement, fate, 30 

and so forth [Dibus et al., Curr. Opin. Cell Biol., 2024]. Of importance, it reflects the cell fate in conjunction 31 

with specific functional roles at cell- and tissue/organ- scales [Luxenburg et al., Exp. Cell Res., 2019; Lim 32 

et al., Nat. Rev. Mol. Cell Biol., 2021; Wu et al., Annu. Rev. Cell Dev. Biol., 2023; Uriu et al., Semin. Cell 33 

Dev. Biol., 2023]. For example, in human, elliptical adipocytes optimize lipid storage for energy reserves 34 

and organ protection [Cedikova et al., Stem Cells Int., 2016]; immune cells extend pseudopodia to enable 35 

rapid chemotactic migration toward infection sites [Ridley et al., Science, 2003]. On the contrary, aberrant 36 

cell morphology could be indicative of pathological states, making morphological analysis a valuable 37 
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diagnostic tool [Alizadeh et al., Comput. Biol. Med., 2020]. Automated image recognition approaches have 1 

been employed to detect early signs of cancer, inflammation, and infection. For example, variations in red 2 

blood cell morphology are indicative of different types of anemia [Lee et al., Pattern Recogn. Lett., 2014; 3 

Bhaskar et al., bioRxiv, 2019], while irregularities in cancer cell morphology are indicative of different 4 

levels of invasive and metastatic potential [Friedl et al., Nat. Rev. Mol. Cell Biol., 2009; Hanahan et al., 5 

Cell, 2011]. Although specific patterns of differential gene expression have been shown to underlie cell fate 6 

specification, whether concurrent differentiation in cell morphology represents a causal driver, a 7 

downstream consequence, or a parallel byproduct of cell fate determination remains an open and intriguing 8 

question. 9 

Unlike gene expression, although cell morphology is known to reflect cell fate in many ways, it 10 

remains difficult to analyze in a systematic and quantitative manner. This difficulty arises because obtaining 11 

complete, high-quality 3D cell morphology datasets for entire developing samples demands exceptional 12 

spatiotemporal precision in both image acquisition and processing, yet is constrained by experimental (e.g., 13 

phototoxicity and photobleaching) and computational limitations (e.g., denoising and segmentation) [Guan 14 

et al., Comput. Struct. Biotechnol. J., 2022]. As a result, most current studies examining cell morphology, 15 

gene expression, and their influence on cell fate specification focus on 2D datasets or 3D datasets 16 

encompassing only a limited number of cell fates [Benkeder et al., eLife, 2025; Ramezani et al., Nat. 17 

Methods, 2025; Tolonen et al., bioRxiv, 2025]. Recent breakthroughs in light imaging, combined with 18 

continuously optimized fluorescent reporters and cell membrane segmentation pipelines, now enable long-19 

term time-lapse 3D imaging and reconstruction of hundreds to thousands of cells within developing samples 20 

[Leggio et al., Nat. Commun., 2019]. Such image reconstruction has been conducted in a lot of species, 21 

including both animals (e.g., worm [Azuma et al., BMC Bioinformatics, 2017], ascidian [Sladitschek et al., 22 

Cell, 2020], fly [Khan et al., Development, 2014], frog [Laznovsky et al., Gigascience, 2024], mouse [Xie 23 

et al., Cell, 2025], zebrafish [Stegmaier et al., Dev. Cell, 2016], human [Junyent et al., Cell, 2024]) and 24 

plants (e.g., Arabidopsis [Truernit et al., Plant Cell, 2008], rice [Sato et al., Int. J. Mol. Sci., 2021], 25 

Nicotiana tabacum [Pasternak et al., Plant J., 2017]). 26 

Among the species above, the roundworm/nematode Caenorhabditis elegans (abbr., C. elegans) has 27 

served as a premier model for studying cell fate specification and morphogenesis over the past half-century, 28 

owing to its invariant cell lineage that produces all kinds of cell fates through precisely orchestrated 29 

spatiotemporal programs. [Sulston, Philos. Trans. R. Soc. Lond. B Biol. Sci., 1976; Sulston et al., Dev. Biol., 30 

1977; Sulston et al., Dev. Biol., 1983; Kaletta et al., Nature, 1997]. On one hand, its entire genome has been 31 

sequenced completely [C. elegans Sequencing Consortium, Science, 1998], and numerous genetic 32 

regulatory modules have been discovered [Brenner, Genetics, 1974; Green et al., Cell, 2024]. On the other 33 

hand, its transparent body permits non-invasive, low-damage live imaging throughout the entire 34 

embryogenesis, enabling the advance of automated 3D cell nucleus tracking [Bao et al., Proc. Natl. Acad. 35 

Sci. U. S. A., 2006; Boyle et al., BMC Bioinformatics, 2006; Murray et al., Nat. Protoc., 2006; Azuma et 36 

al., Biomed. Eng. Lett., 2014], cell membrane segmentation [Azuma et al., BMC Bioinformatics, 2017; 37 
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Azuma et al., Front. Bioinform., 2023; Xiong et al., PLoS One, 2020; Thiels et al., Bioinformatics, 2021], 1 

and gene expression profiling [Murray et al., Nat. Methods, 2008; Murray et al., Genome Res., 2012; Hunt-2 

Newbury et al., PLoS Biol., 2007; Katzman et al., BMC Bioinformatics, 2018] with cell lineage resolved. 3 

These advances have culminated in the very recent reconstruction of comprehensive 3D cellular 4 

morphological maps throughout C. elegans embryogenesis, allowing integrative analyses across cell 5 

morphology, gene expression, cell fate, lineage, identity, division, position, and so forth [Guan et al., Nat. 6 

Commun., 2025]. 7 

To figure out how cell fate specification interacts with morphogenesis during development, we devised 8 

a computational framework that integrates cell morphology descriptors with gene expression profiles to 9 

identify differentiation in each aspect upon cell division. Despite cell morphology descriptors are alternative 10 

depending on the chosen methods [Yu et al., Adv. Healthc. Mater., 2013; Haupt et al., J. Cell Sci., 2018; 11 

Chen et al., Biomaterials, 2016; van Bavel et al., Bioinformatics, 2023; Vadori et al., arXiv, 2024], here we 12 

firstly demonstrate that a set of 12 3D morphology descriptors quantitatively capture key cellular processes 13 

using C. elegans embryonic datasets [Cao et al., Nat. Commun., 2020; Cao et al., Quant. Biol., 2024; Guan 14 

et al., Membranes, 2024; Guan et al., Nat. Commun., 2025], exemplified by asymmetric cell divisions and 15 

intercalation movements. These descriptors suggest that cell morphology is precisely regulated across 16 

individual embryos — such precision is robust against mechanical compression, yet becomes vulnerable 17 

when intercellular signaling is blocked, leading to harmful violation in cell-cell contact maps. Joint analyses 18 

of 12 cell morphology descriptors and 412 gene expression profiles further uncover distinct cell populations 19 

with coupling or decoupling between the two dimensions. Such coupling occurs at all levels of cell fate 20 

specification hierarchically, from germ layers to major somatic tissues/organs and their internal specific 21 

cell types along defined body axes. Together, our findings reveal a broad prevalence of co-differentiation 22 

between cell morphology and gene expression, establishing morphology as a powerful biosensor for 23 

distinguishing cell fates and providing an informative resource for systematically studying developmental 24 

regulation across dimensions. 25 

 26 

RESULTS 27 

 28 

3D cell morphology descriptors can characterize diverse cellular states quantitatively. 29 

 30 

Morphology is known to reflect cellular states. For example, both dividing and intercalating cells 31 

undergo radial symmetry breaking with distinct morphological features denoting the formation of an axis  32 

[Jankele et al., eLife, 2021; Azuma et al., Front. Bioinform., 2023; Khatri et al., npj Syst. Biol. Appl., 2025; 33 

Walck-Shannon et al., Nat. Rev. Mol. Cell Biol., 2014; Collinet et al., Nat. Cell Biol., 2015; Heller et al., 34 

Dev. Cell, 2014]. Here, we test if a series of previously summarized 3D cell morphology descriptors (incl., 35 

General Sphericity, Diameter Sphericity, Intercept Sphericity, Maximum Projection Sphericity, Hayakawa 36 

Roundness, Spreading Index, Elongation Ratio, Pivotability Index, Wilson Flatness Index, Hayakawa 37 
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Flatness Index, Huang Shape Factor, and Corey Shape Factor) can accurately characterize dynamic cellular 1 

states [Guan et al., Membranes, 2024] (Figure 1A). In brief, for a given 3D cell object, its volume, surface 2 

area, and those of its convex hull, along with the lengths of its three principal axes, are calculated. These 3 

intermediate parameters are then combined to derive 12 morphology descriptors with explicit geometric 4 

significance (Figure 1A). These descriptors have been successfully employed for quantitative feature 5 

extraction from biological cells, gravel particles, feldspar crystals, and glass shards [Wilson et al., Earth 6 

Planet. Sci. Lett., 1979; Hayakawa et al., Comput. Geosci., 2005; Yu et al., Adv. Healthc. Mater., 2013]. 7 

To evaluate their capacity to characterize dynamic cellular states, we take the dividing cells and 8 

intercalating cells during C. elegans embryogenesis as representative examples (Table S1) [Guan et al., Nat. 9 

Commun., 2025]. 10 

In theory, both dividing and intercalating cells can exhibit leveled morphological features associated 11 

with their behaviors (Figure 1B-1D). For dividing cells, the higher the volume asymmetry between daughter 12 

cells, the more unequal the cell morphology’s two poles become (mathematically modellable as two 13 

overlapping spheres of unequal size); for intercalating cells, the more ingressing the cell is, the more 14 

squeezed the cell morphology becomes (mathematically modellable with a sphere bisected by a cylindrical 15 

intrusion) (Figure 1D; METHOD DETAILS). First of all, given a mathematically modeled 3D cell object 16 

with varying division or intercalation levels (division asymmetry and intercalation depth over time), the 17 

theoretical values of these morphology descriptors can be accurately computed numerically, demonstrating 18 

their feasibility for application to voxel-based data in practice (Figure S1A-S1C). Mathematical analysis 19 

further revealed clear correlations between specific morphology descriptors and the levels of division 20 

asymmetry or intercalation depth — for example, Elongation Ratio showed the strongest correlation with 21 

division asymmetry and General Sphericity with intercalation depth (Figure 1E and 1F); these theoretical 22 

relationships were consistently recapitulated by empirical data from C. elegans embryos (Figure 1E and 1F; 23 

Figure S1D; METHOD DETAILS). 24 

Furthermore, since cell division [Rose et al., WormBook, 2014] and intercalation [Walck-Shannon et 25 

al., Nat. Rev. Mol. Cell Biol., 2014; Collinet et al., Nat. Cell Biol., 2015; Heller et al., Dev. Cell, 2014] 26 

behaviors are physiologically functional and often arise through differentiation from its sisters or cousins 27 

since its ancestral division [Le Clainche et al., Physiol. Rev., 2008; Rose et al., WormBook, 2014; Maduro, 28 

Semin. Cell Dev. Biol., 2017; Jankele et al., eLife, 2021; Qiu et al., Cell, 2024; Chen et al., eLife, 2025], 29 

further sublineage-wise comparison in global proves that such morphological differentiation can be 30 

distinguished statistically (Figure 1G and 1H). In other words, cells sharing the same ancestor with different 31 

levels of division asymmetry can be distinguished statistically, exemplified by EMS and P2 derived from 32 

P1 cell (Figure 1G); cells sharing the same ancestor with different levels of intercalation depth can be 33 

distinguished statistically, exemplified by hypodermis and neurons derived from C lineage (Figure 1H). 34 

Together, these results establish the 12 morphology descriptors as accurate quantitative metrics for 35 

characterizing not only individual cellular states but also differentiation between distinct cellular states. 36 
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Figure 1. 3D morphology descriptors can characterize various cellular states quantitatively. (A) 1 

Quantification pipeline taking 3D cell regions as input and 3D morphology descriptors as output. (B) 2 

Representative morphologies of dividing cells with high division asymmetry. (C) Representative 3 

morphologies of intercalating cells with increasing intercalation depth. (D) Mathematical models of 4 

dividing cells with varied division asymmetry (top) and intercalating cells with varied interaction depth 5 

(bottom), with details in METHOD DETAILS. (E) Change of cell morphology descriptors over daughter 6 

size asymmetry (daughter volume asymmetry), with the ones over daughter surface area asymmetry in 7 

Figure S2. (F) Change of morphology descriptors over intercalation depth (developmental time, using the 8 

last moment of 4-cell stage as time zero). (G) Distribution of size asymmetry and morphology descriptors 9 

(linearly normalized to place the two metric types on a comparable scale) of the asymmetrically dividing 10 

cell (P2) and its sibling (EMS), revealing 11 morphology descriptors that significantly distinguish them as 11 

two differentiated sublineages. (H) Distribution of morphology descriptors of the intercalating cells 12 

(hyperdermis) and their siblings (neurons), revealing 11 morphology descriptors that significantly 13 

distinguish them as two differentiated sublineages. 14 

 15 

Cell morphology variation is robust against mechanical compression and regulated by Notch 16 

signaling. 17 

 18 

Provided the 12 validated quantitative 3D cell morphology descriptors, we first revisited the classic 19 

question of developmental variation among individual embryo samples, where prior efforts have been made 20 

to examine the variation of cell division timing and cell cycle length [Schnabel et al., Dev. Biol., 1997], cell 21 

division orientation [Richards et al., Dev. Biol., 2013], cell positions [Moore et al., Development, 2013], 22 

cell size [Arata et al., Front. Physiol., 2015], cell-cell contact relationship and contact area [Azuma et al., 23 

Front. Bioinform., 2023], and so on and so forth. Here, we utilized two public datasets of C. elegans 24 

embryogenesis that contain time-lapse 3D fluorescence images (green fluorescent protein labeling cell 25 

nuclei for cell lineage tracing; mCherry labeling cell membranes for cell morphology segmentation) along 26 

with 809,718 3D cell regions in total within embryos under natural condition (8 individual embryo samples), 27 

with mechanical compression (17 individual embryo samples), and with Notch signaling blocked (2 28 

individual embryo samples) (Figure 2A; Supplementary Data 1) [Cao et al., Nat. Commun., 2020; Guan et 29 

al., Nat. Commun., 2025]. For each 3D cell morphology descriptor, the variation coefficient is calculated 30 

for every unique cell using its values across individual embryo samples, then averaged over all unique cells 31 

at each moment over development. Intriguingly, natural and mechanically compressed embryos exhibit 32 

comparable variation across all 3D cell morphology descriptors, with an average relative change of <12% 33 

at 150 minutes after the last moment of the 4-cell stage (Figure 2B and 2C); this robustness may reflect 34 

fail-safe mechanisms (e.g., compensatory cell movements proposed before) that mitigate the effects of 35 

mechanical compression in utero, particularly in old or starved adults [Jelier et al., Cell Syst., 2016; Pimpale 36 

et al., eLife, 2020]. In contrast, genetically perturbed embryos with RNAi against lag-1 (terminal effector 37 
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of the Notch signaling pathway) exhibit elevated variation across all 3D cell morphology descriptors, with 1 

an average relative elevation >24% at 150 minutes after the last moment of the 4-cell stage (Figure 2F and 2 

2G); this suggests an underexplored role for the Notch signaling pathway in regulating cell morphology, 3 

extending beyond its well-explored role in regulating gene expression [Priess, WormBook, 2005; 4 

Greenwald & Kovall, WormBook, 2013]. These comparative conclusions still hold when variation is 5 

calculated using alternative sample groups and sizes across all three experimental conditions (Figure S3). 6 

To test the hypothesis that variation in cell morphology propagates to that in cell-cell contact (which 7 

has been known to be critical for signaling transduction and cell division), we evaluate the cell-cell contact 8 

area variation of natural, mechanically-compressed, and signaling-blocked embryos [Mello et al., Cell, 9 

1994; Goldstein, J. Cell Biol., 1995; Mickey et al., Development, 1996; Sugioka & Bowerman, Dev. Cell, 10 

2018]. Consistent with the cell morphology descriptor, the variation level remains comparable before and 11 

after mechanical compression, but is significantly elevated by roughly 37.1% at 150 minutes after the last 12 

moment of the 4-cell stage, when Notch signaling is blocked (Figure 2D and 2H). To check if the cell-cell-13 

contact-based developmental mechanisms (e.g., Notch signaling) are violated, we still use the Notch 14 

signaling target and excretory cell progenitor ABplpapp as example, which shows similar contact 15 

relationship and area to neighbor cells (goodness of fit = 0.732) before and after mechanical compression 16 

(Figure 2E); however, when Notch signaling is blocked, violation emerges with many contacts lost (incl., 17 

MSapap, MSappa), added (incl., ABalppap, ABalpppa, ABplapppp, ABplpaapa, ABplpaapp, ABplpapap, 18 

Eala, Eara), or with very different areas (incl., ABalpppp, ABplpaap, ABplpaapp, ABplppp, Eal, Ealp, 19 

MSapap, MSapp, MSappa) (Figure 2I-2K). Such a discrepancy is biased to contact accumulation to ABpl 20 

sublineage/colony and far away from MSa sublineage/colony (Figure 2I-2K), adding up a secondary 21 

violation to signaling transduction (spatial scale) beyond the genetic perturbation (molecular scale) itself. 22 

Moreover, this violation continues in ABplpapp cell’s daughter ABplpappa (Figure S4A-S4D) and 23 

granddaughter ABplpappaa (Figure S4E-S4H), which are supposed to receive Notch signaling but lose 24 

contact with the original signaling cells. In summary, the Notch signaling not only functions at the genetic 25 

level through its ligand-receptor-transcriptional cascade, but also molds cell positions, cell morphologies, 26 

and cell-cell contact relationships and areas that are required by the signaling and responding cells. 27 

 28 
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 1 

Figure 2. Cell morphology variation is well controlled during C. elegans embryonic development, 2 

remaining robustness with mechanical compression but not with Notch signaling blocked. (A) 3 
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Fluorescence (top) and segmentation (bottom) images of C. elegans embryos in natural condition (1st panel), 1 

with mechanical compression (2nd panel), and with Notch signaling blocked (3rd panel). (B) Distribution 2 

(mean ± standard deviation) of cell morphology variation at 150 minutes after the last moment of 4-cell 3 

stage, revealing a similar cell morphology variation level (compared to the embryos under natural condition) 4 

in the embryos with mechanical compression. (C) Similar cell morphology (exemplified by Hayakawa 5 

Flatness Ratio) variation level (compared to the embryos under natural condition) in the embryos with 6 

mechanical compression over developmental time (using the last moment of 4-cell stage as time zero). (D) 7 

Similar cell-cell contact area variation level (compared to the embryos under natural condition) in the 8 

embryos with mechanical compression over developmental time (using the last moment of 4-cell stage as 9 

time zero). (E) Comparison of cell-cell contact area between embryos under natural condition and with 10 

mechanical compression, centering the Notch signaling target and excretory cell progenitor ABplpapp and 11 

highlighting the previously reported Notch signaling cells in MS lineage. (F) Distribution (mean ± standard 12 

deviation) of cell morphology variation at 150 minutes after the last moment of 4-cell stage, revealing an 13 

elevating cell morphology variation level (compared to the embryos under natural condition) in the embryos 14 

with Notch signaling blocked. (G) Elevating cell morphology (exemplified by Hayakawa Flatness Ratio) 15 

variation level (compared to the embryos under natural condition) in the embryos with Notch signaling 16 

blocked over developmental time (using the last moment of 4-cell stage as time zero). (H) Elevating cell-17 

cell contact area variation level (compared to the embryos under natural condition) in the embryos with 18 

mechanical compression over developmental time (using the last moment of 4-cell stage as time zero). (I) 19 

Comparison of cell-cell contact area between embryos under natural condition and with Notch signaling 20 

blocked, centering the Notch signaling target and excretory cell progenitor ABplpapp and highlighting the 21 

previously reported Notch signaling cells in MS lineage. (J) Cell-cell contact area in C. elegans embryos 22 

under natural condition (8 individual samples), with mechanical compression (17 individual samples), and 23 

with Notch signaling blocked (2 individual samples), centering the Notch signaling target and excretory 24 

cell progenitor ABplpapp and highlighting the previously reported Notch signaling (solid boundary) and 25 

non-signaling (dashed boundary) cells in MS lineage. (K) Change of cell-cell contact area, centering the 26 

Notch signaling target and excretory cell progenitor ABplpapp and highlighting the previously reported 27 

Notch signaling (solid boundary) and non-signaling (dashed boundary) cells in MS lineage, where the circle 28 

area and band width are positively associated with cell volume and cell-cell contact area in embryos under 29 

natural condition. 30 

 31 

High-throughput scan of differential cell morphologies and gene expressions unveils their dynamic 32 

decoupling and coupling. 33 

 34 

Cell morphology represents a complex outcome of both intracellular (e.g., cytoskeleton and 35 

actomyosin activities) and extracellular (e.g., cell mechanics and signaling) processes [Fletcher et al., 36 

Nature, 2010]. Nevertheless, they are ultimately encoded — directly or indirectly — by the differential 37 
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spatiotemporal gene expressions that unfold during embryogenesis beginning from a single-cell zygote 1 

[Guan et al., bioRxiv, 2019; Xiong et al., Genetics, 2025]. While previous correlation analyses of cell 2 

morphology and gene expression mainly relied on 2D cell projections or crosssections, a comprehensive 3 

analysis that fully extracts information from complete 3D cell morphologies is still lacking [Benkeder et 4 

al., eLife, 2025; Ramezani et al., Nat. Methods, 2025]. Inspired by the global and local correlations between 5 

cell morphology and gene expression demonstrated above (Figure 2), we integrate the morphology 6 

descriptors with extensive cell-lineage-resolved gene expression profiles previously published [Murray et 7 

al., Genome Res., 2012; Huang et al., Bioinformatics, 2017; Chen et al., Genetics, 2018; Packer et al., 8 

Science, 2019; Guan et al., Dev. Genes Evol., 2020; Ma et al., Nat. Methods, 2021; Guan et al., Nat. 9 

Commun., 2025]. This standardized dataset (accessible via the CMOS website 10 

[https://bcc.ee.cityu.edu.hk/cmos; Guan et al., Nat. Commun., 2025]) encompasses 412 key genes (either 11 

playing critical roles in development, showing evolutionary conservation in complex organisms like 12 

humans, or remaining to be functionally characterized) across 392,541 independent 3D cell objects, ~65 13 

million data points. 14 

Within the C. elegans embryonic cell lineage tree documented from the 1-cell to >550-cell stages 15 

(covering 96.05% of all embryonic cells) [Guan et al., Nat. Commun., 2025], we compute each cell’s 16 

temporal trajectories averaged over all embryo datasets with cell morphological and gene expression data, 17 

resulting in 276,316 temporal trajectories in total (Supplementary Data 2). We focused on the continuously 18 

dividing cell with both morphological and genetic profiles recorded in it as well as its two daughter cells 19 

and four granddaughter cells in the two sublineages produced (Figure 3A). For each gene expression profile 20 

normalized between 0 and 1 across embryogenesis, the average expression of each and every descendant 21 

in two sublineages is required to exceed 0.2, mitigating the potential noise due to cell imaging, tracking, 22 

etc. For both cell morphology and gene expression, we identify the differentiation between sublineages by 23 

all their cells’ time-series data using a two-sample t-test (𝑝 < 0.1) and quantify its level with normalized 24 

asymmetry values 𝐴M =
𝑀1−𝑀2

𝑀1+𝑀2
 (𝑀1: cell morphology value averaged over all cells in Sublineage 1 and all 25 

their time points; 𝑀2: cell morphology value averaged over all cells in Sublineage 2 and all their time points) 26 

and 𝐴G =
𝐺1−𝐺2

𝐺1+𝐺2
 (𝐺1: gene expression value averaged over all cells in Sublineage 1 and all their time points; 27 

𝐺2: gene expression value averaged over all cells in Sublineage 2 and all their time points), resulting in 28 

25,097 differentiation events in total (Supplementary Data 3). Coupled and decoupled relationships 29 

between specific morphology descriptors (12 in total) and gene expressions (412 in total) are characterized 30 

by detecting their co-asymmetry across unique cells, resulting in 224,988 coupled events and 1,428 31 

decoupled events in total; the consequent co-asymmetry frequency further quantifies how broadly the 32 

coupling exists (Supplementary Data 4). 33 
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Figure 3. Cell morphology and gene expression differentiations can be coupled or decoupled. (A) 1 

Automatic workflow for detecting sublineage-wise differentiation events across 12 cell morphology 2 

descriptors and 412 gene expression profiles mapped onto the embryonic lineage tree, with 𝐴M and 𝐴G 3 

denoting asymmetry level and 𝑝M  and 𝑝G  denoting statistical significance, respectively. (B) Count of 4 

unique cells exhibiting coupled differentiation between cell morphology and gene expression, covering all 5 

major cell fates. (C) Lineal position of unique cells detected exhibiting coupled differentiation between cell 6 

morphology and gene expression, covering all major lineage parts. (D) Clustering (based on agglomerative 7 

hierarchical clustering) of coupled differentiation events between paired cell morphology descriptors and 8 

gene expression profiles. 9 

 10 

Sublineage-wise asymmetry scans of 12 cell morphology descriptors and 412 gene expression profiles 11 

identified 122 cells with differential morphology descriptors and 105 unique cells with differential gene 12 

profiles, whereas 95 unique cells with differentiation in both aspects (Table S2). The differential gene 13 

expression profiles detected between sublineages of a given cell list, as reported in a recent summary, are 14 

consistent with prior knowledge, thereby validating our computational pipeline (Table S3) [Murray et al., 15 

Genome Res., 2012; Zacharias et al., PLoS Genet., 2015; Packer et al., Science, 2019; Ma et al., Nat. 16 

Methods, 2021; Murrar et al., PLoS Genet., 2022; Liu et al., Genetics, 2023]. Remarkably, although 17 

differential gene expression is well recognized for its role in cell fate specification [Du et al., Dev. Cell, 18 

2015; Santella et al., Nucleic Acids Res., 2016; Du et al., Cell, 2014], the frequent co-differentiation of cell 19 

morphology and gene expression reveals an underexplored coupling between them, which orchestrates 20 

morphogenesis spanning cellular to organismal scales. Regardless of its cellular frequency, such co-21 

differentiation generally participates in the cell fate specification of neuron, pharynx, muscle, intestine, skin, 22 

germline, and others across the whole lineage (Figure 3B and 3C). The overall clustered frequency of co-23 

differentiation between cell morphology and gene expression (agglomerative hierarchical clustering 24 

[Murtagh & Contreras, WIREs Data Mining and Knowledge Discovery, 2012]) highlights a subset of genes 25 

(172/412 ≈ 41.75%) detected with coupling to all morphology descriptors; this subset includes major 26 

tissue- and organ-specific transcriptional markers conserved between worms and humans, further 27 

supporting a general coordination between cell fate specification and morphogenesis down to cellular scale 28 

(Figure 3D) [Murray, Wiley Interdiscip. Rev. Dev. Biol., 2018]. In addition, cells with morphological but 29 

not genetic differentiation may be influenced by spatial, temporal, or mechanical cues; for instance, even 30 

with similar levels of stiffness or surface tension oscillating over cell cycle, larger cells tend to be more 31 

spherical [Fujii et al., Commun. Biol., 2021; Guan et al., Commun. Nonlinear Sci. Numer. Simul., 2023], 32 

warranting further cellular mechanical property inference and analysis [Ichbiah et al., Nat. Methods, 2023; 33 

Vanslambrouck et al., PLoS Comput. Biol., 2024; Yamamoto et al., bioRxiv, 2025]. In line with recent 34 

studies of mammalian development [Pineau et al., Development, 2025; Bennabi et al., Sci. Adv., 2025], 35 

these categories suggest that diverse regulatory mechanisms are encoded in developing systems with 36 

varying complexities. 37 
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 1 

Endodermal, mesodermal, and ectodermal cells display significantly distinct morphological and 2 

genetic signatures during differentiation. 3 

 4 

To elucidate how cell morphology and gene expression are coupled or decoupled during development, 5 

we examined whether these signatures differentiate together or independently along the hierarchical 6 

trajectory of cell fate specification — from germ layer segregation to tissue/organ formation, and ultimately 7 

to fine-grained, function-specific cells within individual tissue/organ. Germ layer segregation is one of the 8 

earliest conserved milestones in metazoan development, giving rise to the endoderm, mesoderm, and 9 

ectoderm, which serve as progenitors for diverse cell fates and define the spatial framework of the 10 

developing organism [Farrell et al., Science, 2018; Rossant et al., Dev. Cell, 2022]. During C. elegans 11 

embryonic development, processes such as asymmetric cell division, intercellular signaling, and movement 12 

give rise to the endoderm (producing intestine cells), mesoderm (producing neuron, muscle, pharynx), and 13 

ectoderm (skin) [Leung et al., Dev. Biol., 1999; Nance et al., WormBook, 2005]. Here, we adopted the cell 14 

fate annotations summarized in previous studies [Sulston et al., Dev. Biol., 1983; Ma et al., Nat. Methods, 15 

2021; Guan et al., Nat. Commun., 2025], which classify major somatic cell fates into neuron, pharynx, 16 

muscle, skin, intestine, and others, including germline cells (P0, P1, P2, P3, P4), excretory cell 17 

(ABplpappaap), and unspecified progenitors whose descendants can give rise to multiple somatic fates, etc. 18 

With these clear cell fate classifications, we next investigated whether pairs of sublineages undergoing 19 

germ layer segregation exhibit coupled or decoupled patterns regarding cell morphology and gene 20 

expression. 21 

First, we examined differentiation between the mesoderm and endoderm utilizing the six generations 22 

of the EMS (the second somatic founder cell in C. elegans development, derived from the second round of 23 

asymmetric cell division post fertilization) lineage. Its anterior sublineage (MS) predominantly 24 

differentiates into mesodermal fates (32.98% pharynx and 29.79% muscle) and posterior sublineage (E) 25 

exclusively differentiates into endodermal cells (100% intestine) (Figure 4A and 4B). In terms of gene 26 

expression, we compare the mesodermal descendants (pharynx and muscle) of MS and the endodermal 27 

descendants of E, revealing a complete segregation between mesoderm and endoderm gene sets. These 28 

clearly partitioned gene sets include but are not limited to the known markers (e.g., elt-2, end-1, and nhr-29 

102 for endoderm; afft-2, moe-3, and ceh-21 for mesoderm), in agreement with the prior knowledge of the 30 

mutual inhibition pathway mediated by Wnt signaling and providing new resources for gene function 31 

identification (Figure 4C and 4D) [Lee et al., Curr. Biol., 2006; Zacharias et al., PLoS Genet., 2015]. Within 32 

the mesoderm, the pharyngeal-specific (e.g., tbx-7, pha-4, and hmbx-1), muscle-specific markers such as 33 

tbx-8, hlh-1, and unc-120 (Figure 4C and 4D, in agreement with the progressively bifurcation 34 

conceptualized by the Waddington landscape and providing new resources for gene function identification 35 

[Waddington, Routledge, 1957]. Representative gene expression profiles illustrating antagonism between 36 
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mesoderm and endoderm, antagonism between neuron and pharynx, and overlap between neuron and 1 

pharynx are shown in Figure 4G. In terms of cell morphology, six morphology descriptors revealed 2 

significantly distinct between endodermal and mesodermal cell populations, no matter if neuronal or 3 

pharyngeal cells were specified (Figure 4E). Representative cell morphology descriptor (Elongation Ratio) 4 

illustrating more elongated neuron and muscle cells and more angular intestine cells are shown in Figure 5 

4F. 6 

Second, we test the differentiation between ectoderm and mesoderm using the seven generations of C 7 

lineage (the third somatic founder cell of embryogenesis derived from the third rounds of asymmetric cell 8 

division), which gives rise to left(Ca)-right(Cp) symmetric fates. The anterior sublineages (Caa and Cap) 9 

dominantly turn into mesodermal fates (81.25% for skin) and the posterior sublineages (Cap and Cpp) 10 

exclusively develop into mesoderm fate (100% for muscle) (Figure 4H and 4I). Taking the major 11 

mesodermal pharynx and muscle in MS to compare with the endoderm cell fates in E, in the gene expression 12 

aspect, a complete exclusion between mesoderm and endoderm gene sets are found, including known 13 

general markers for both (e.g., elt-2, end-1, and nhr-102 for endoderm; afft-2, moe-3, and ceh-21 for 14 

mesoderm) (Figure 4J and 4K), in match to the prior knowledge mutual inihibition pathway activated by 15 

Wnt signaling. In addition to the shared gene pool within the mesoderm, the specific cell types, a 16 

considerable number of genes were identified to demonstrate fate-specific expression patterns: pharyngeal-17 

specific markers like tbx-7, pha-4, and hmbx-1; muscle-specific markers such as tbx-8, hlh-1, and unc-120 18 

(Figure 4J and 4K), in match to the prior knowledge of progressively bifurcated differentiation noted by 19 

Waddington landscape. Representative gene expression profiles showing antagonism between ectoderm 20 

(skin) and endoderm (muscle) and sharing between them are shown in Figure 4N. For the aspect of cell 21 

morphology, except the General Sphericity and Hayakawa Roundness, the remaining ten morphology 22 

descriptors reflect significant difference between the mesodermal and ectodermal cell as well as their 23 

lineage origin (Figure 4L), specifically highlighting the morphological difference between them 24 

(exemplified by the Maximum Projection Sphericity in two pairs of cells showing the skin cell tend to be 25 

elongated and muscle cell tend to be rectangular, Figure 4M). 26 
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Figure 4. Cell morphology and gene expression differentiations distinguish cell fates between germ 1 

layers. (A) Cell fate pattern of the EMS lineage. (B) Cell morphology distribution of the EMS lineage 2 

illustrated in 3D space, showing stereotyped spatiotemporal patterns of EMS-derived mesoderm (neuron 3 

and pharynx) and endoderm (intestine). (C) Distribution of asymmetry level (𝐴G) and statistical significance 4 

(𝑝G) in gene expression differentiation distinguishing EMS-derived endoderm vs. mesoderm and pharynx 5 

vs. muscle within the mesoderm. (D) Venn diagram of gene markers distinguishing mesoderm vs. 6 

endoderm and pharynx vs. muscle within the mesoderm. (E) Distribution of asymmetry level (𝐴M) and 7 

statistical significance (𝑝M) in cell morphology differentiation distinguishing EMS-derived endoderm vs. 8 

mesoderm and pharynx vs. muscle within the mesoderm. (F) Representative morphologies of EMS-derived 9 

mesoderm (neuron and pharynx) and endoderm (intestine) cells, displaying distinct values in cell 10 

morphology descriptors. (G) Gene expression distribution of EMS lineage illustrated in lineage tree, 11 

showing gene markers distinguishing endoderm vs. mesoderm and pharynx vs. muscle within the 12 

mesoderm. (H) Cell fate pattern of the C lineage. (I) Cell morphology distribution of the C lineage 13 

illustrated in 3D space, showing stereotyped spatiotemporal patterns of C-derived ectoderm (skin) and 14 

mesoderm (muscle). (J) Distribution of asymmetry level (𝐴G) and statistical significance (𝑝G) in gene 15 

expression differentiation distinguishing C-derived ectoderm vs. mesoderm. (K) Venn diagram of gene 16 

markers distinguishing mesoderm vs. endoderm and pharynx vs. muscle within the mesoderm. (L) 17 

Distribution of asymmetry level (𝐴M) and statistical significance (𝑝M) in cell morphology differentiation 18 

distinguishing C-derived ectoderm vs. mesoderm. (M) Representative morphologies of C-derived ectoderm 19 

(skin) and endoderm (muscle) cells, displaying distinct values in cell morphology descriptors. (N) Gene 20 

expression distribution of C lineage illustrated in lineage tree, showing gene markers distinguishing C-21 

derived ectoderm vs. mesoderm. 22 

 23 

Cell-fate-specific morphological features allow sensitive reverse prediction. 24 

Gene expression has long been used as a marker for cell fate distinguishment between neuron, pharynx, 25 

muscle, intestine, etc. [Ma et al., Nat. Methods, 2021; Cole et al., eLife, 2024], which is captured by our 26 

data of 412 genes, through calculating the cellular frequency with substantial sublineage asymmetry (Figure 27 

5A and 5B, Figure S5, Table S4). Provided that the cell morphology could be coupled with gene expression 28 

(Figure S6, Figure S7), we wonder if an equivalent identifier could be established solely based on cell 29 

morphology. To this end, we focus on the five major somatic cell fates derived from the three germ layers 30 

and outline their cell morphology descriptor distributions using 352,629 3D cell objects in 8 natural 31 

embryos. Remarkably, each cell fate carries obviously different distributions compared to others; for 32 

example, neuron cells have high values in almost all morphology descriptors except Elongation Ratio and 33 

Hayakawa Flatness Ratio (reflecting their round and smooth shape), conversely, skin cells have high values 34 

in those two morphology descriptors (reflecting their elongated long axis and two short axes of similar 35 

length) (Figure 5C, Figure S8). We also investigated whether distinct cell fates could be distinguished based 36 
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on morphology descriptors. Most importantly, although different morphology descriptors have different 1 

sensitivities and sample size reliance to distinguish a pair of cell fates as expected, the best morphology 2 

descriptor always requires a sample size in the magnitude of dozens to significantly (two-sample t-test, p < 3 

0.1) distinguish any pairwise cell fates (Figure 5D-5F; Figure S9; Figure S10). For instance, the significant 4 

distinction between neuron and intestine only requests a sample size of 13 cells via Hayakawa Roundness, 5 

while the significant distinction between muscle and intestine requests the largest sample size of 91 cells 6 

via Elongation Ratio (Figure S10). This considerable sample size in dozens indicates the power of cell-7 

morphology-based cell fate distinguisher, as most biomedical sceniros produce much more cell object data. 8 

As a sneak peek, C. elegans embryo ends with ~550 cells, human embryoid ends with ~2,000 cells with 9 

axial establishment [Moris et al., Nature, 2020], and blood extraction takes billions of cells in one shot 10 

[Dean L., Blood Groups and Red Cell Antigens, 2005]. 11 

To further investigate whether cells within the same tissue/organ but with more differentiated fates 12 

could be distinguished by morphology descriptors, we take the ABarp lineage as an example, considering 13 

that it produces dorsal hypodermis (ABparpaa sublineage, constituting the anterior of the dorsal midline) 14 

and seam cells (ABarpap and ABarpp sublineages, constituting on the left and right side of the dorsal 15 

midline with bilateral symmetry) to compose the skin (Figure 5G and 5H) [Chisholm & Hardin, WormBook, 16 

2005; Walck-Shannon et al., Nat. Rev. Mol. Cell Biol., 2014]. Morphology descriptors including Hayakawa 17 

Roundness, Diameter Sphericity, Elongation Ratio consistently show that the dorsal hypodermal cells are 18 

significantly deviated from seam cells with the same trend regardless of their lineal origin, supporting the 19 

applicability of cell morphology descriptors (Figure 5I and 5J). Qualatively, sorsal cells elongate across the 20 

dorsal midline during intercalation, resulting in a columnar arrangement, while seam cells remain 21 

comparatively shorter and less elongated, which may give rise to additional elongation of long axis of dorsal 22 

cells. Such differential cell morphologies are also coupled with differential gene expression exemplified by 23 

tbx-8 and tbx-9 highly expressed in dorsal hypodermis and ets-7, glp-1, and lag-1 highly expressed in seam 24 

cells (Figure 6K). These findings pinpoint that the cell morphology can be extensively applied to more 25 

detailed cell fate specification, even within a general tissue/organ, just like the gene expression. 26 
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 1 

Figure 5. Cell morphology and gene expression differentiations distinguish cell fates among and 2 

within tissues/organs. (A) Clustering (based on agglomerative hierarchical clustering) of coupled 3 
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differentiation events between cell fate pairs and gene expression profiles. (B) Venn diagram of gene 1 

markers distinguishing neuron, pharynx, muscle, intestine, and skin [Liu, MATLAB Central File Exchange, 2 

2025]. (C) Radar diagram of morphology descriptors distinguishing neuron, pharynx, muscle, intestine, and 3 

skin. (D) Distribution of values in cell morphology descriptors distinguishing neuron, pharynx, muscle, 4 

intestine, and skin, represented by Hayakawa Flatness Ratio. (E) Distribution of asymmetry level (𝐴M) and 5 

statistical significance (𝑝M) in cell morphology differentiation distinguishing neuron, pharynx, muscle, 6 

intestine, and skin, represented by Hayakawa Flatness Ratio. (F) Change of statistical significance (𝑝M) 7 

over cell region sample size for predicting differentiation between cell fate pairs, shown by all 12 cell 8 

morphology descriptors with different sensitivity levels. (G) Cell fate pattern of the ABarp lineage. (H) Cell 9 

morphology distribution of the ABarp lineage illustrated in 3D space, showing stereotyped spatiotemporal 10 

patterns of ABarp-derived dorsal hypodermis (ABarpaa sublineage) and seam cell (ABarpap and ABarpp 11 

sublineages). (I) Distribution of values in cell morphology descriptors distinguishing ABarp-derived dorsal 12 

hypodermis (ABarpaa sublineage) and seam cell (ABarpap and ABarpp sublineages), shown by all 8 cell 13 

morphology descriptors with sufficient statistical significance. (J) Cell morphology distribution of ABarp 14 

lineage illustrated in the lineage tree, showing morphology descriptor (represented by Diameter Sphericity) 15 

distinguishing ABarp-derived dorsal hypodermis vs. seam cell. (K) Gene expression distribution of ABarp 16 

lineage illustrated in lineage tree, showing gene marker (represented by tbx-8) distinguishing ABarp-17 

derived dorsal hypodermis vs. seam cell. 18 

 19 

Cell morphology within the same cell fate can differentiate over body axes.  20 

 21 

Body axis establishment begins as early as the first few cell divisions after fertilization, rapidly setting 22 

up the anterior-posterior, left-right, and dorsal-ventral axes with differential gene expression [Lyczak et al., 23 

Dev. Cell, 2002]. These body axes subsequently guide the formation of tissues and organs — for example, 24 

the anterior and posterior ends of intestine must properly connect to the pharynx and rectum respectively, 25 

while undergoing body-axis-dependent coordinated elongation and twisting [Asan et al., PLoS Genet., 2016; 26 

Cote et al., bioRxiv, 2025]. To determine whether axial bias influences morphology at the cellular level, we 27 

examined the body wall muscles, which are derived from the AB, MS, C, and D lineages and are assembled 28 

as staggered bilateral pairs across the four quadrants [Altun et al., WormAtlas, 2009]. 29 

Firstly, we examined differentiation between the dorsal and ventral muscles utilizing the five 30 

generations of the Cap lineage (Figure 6A and 6G). Its anterior sublineage (Capa) predominantly 31 

differentiates into ventral muscle cells (75%) and posterior sublineage (Capp) predominantly differentiates 32 

into dorsal muscle cells (87.5%) (Figure 6A). In terms of cell morphology, there are 6 cell morphology 33 

descriptors revealing significant differences between the ventral muscle cells of Capa and the dorsal muscle 34 

cells of Capp, among which Wilson Flatness Index shows the highest asymmetry level with p = 4.37 × 10-35 

23 (Figure 6B, 6D and 6F). In terms of gene expression, two gene sets are coherently segregated (e.g., tlp-1 36 

enriched in dorsal muscle cells and swsn-7 enriched in ventral muscle cells) (Figure 6C and 6E). 37 
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Then, we examined differentiation between the left and right muscles utilizing the five generations of 1 

the D lineage (Figure 6H and 6N). Its anterior sublineage (Da) exclusively differentiates into left muscle 2 

cells (100%) and posterior sublineage (Dp) exclusively differentiates into right muscle cells (100%) (Figure 3 

6H). In terms of cell morphology, there are 12 cell morphology descriptors revealing significant differences 4 

between the left muscle cells of Da and the right muscle cells of Dp, among which Wilson Flatness Index 5 

shows the highest asymmetry level with p = 4.67 × 10-5 (Figure 6I, 6K and 6M). In terms of gene expression, 6 

two gene sets are coherently segregated (e.g., ztf-6 enriched in left muscle cells and efl-3 enriched in right 7 

muscle cells) (Figure 6J and 6L). 8 

 9 

 10 

Figure 6. Cell morphology and gene expression differentiations distinguish cell fates along body axes. 11 
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(A) Cell fate pattern of the Cap lineage. (B) Cell morphology distribution of Cap lineage illustrated in the 1 

lineage tree, showing morphology descriptor (represented by Wilson Flatness Index) distinguishing Cap-2 

derived ventral muscle vs. dorsal muscle. (C) Gene expression distribution of Cap lineage illustrated in 3 

lineage tree, showing gene markers (represented by tlp-1 and swsn-7) distinguishing Cap-derived ventral 4 

muscle v.s. dorsal muscle, shown by all 6 cell morphology descriptors with sufficient statistical significance. 5 

(D) Distribution of asymmetry level ( 𝐴M ) and statistical significance ( 𝑝M ) in cell morphology 6 

differentiation distinguishing Cap-derived ventral muscle vs. dorsal muscle. (E) Distribution of asymmetry 7 

level (𝐴G) and statistical significance (𝑝G) in gene expression differentiation distinguishing Cap-derived 8 

ventral muscle vs. dorsal muscle. (F) Representative morphologies of Cap-derived ventral muscle vs. dorsal 9 

muscle, displaying distinct values in cell morphology descriptors (represented by Wilson Flatness Index). 10 

(G) Cell morphology distribution of the Cap lineage illustrated in 3D space, showing stereotyped 11 

spatiotemporal patterns of Cap-derived ventral muscle and dorsal muscle. (H) Cell fate pattern of the D 12 

lineage. (I) Cell morphology distribution of D lineage illustrated in the lineage tree, showing morphology 13 

descriptor (represented by Wilson Flatness Index) distinguishing D-derived left muscle vs. right muscle. (J) 14 

Gene expression distribution of D lineage illustrated in the lineage tree, showing gene marker (represented 15 

by ztf-6) distinguishing D-derived left muscle v.s. right muscle. (K) Distribution of asymmetry level (𝐴M) 16 

and statistical significance (𝑝M) in cell morphology differentiation distinguishing D-derived left muscle vs. 17 

right muscle. (L) Distribution of asymmetry level (𝐴G) and statistical significance (𝑝G) in gene expression 18 

differentiation distinguishing D-derived left muscle vs. right muscle. (M) Representative morphologies of 19 

D-derived left muscle vs. right muscle, displaying distinct values in cell morphology descriptors 20 

(represented by Diameter Sphericity). (N) Cell morphology distribution of the D lineage illustrated in 3D 21 

space, showing stereotyped spatiotemporal patterns of D-derived left muscle vs. right muscle. 22 

 23 

 24 
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Figure 7. Conceptual summary of the developmental cell fate specification cascade, spanning 1 

organismal to molecular scales and driven by both coupled and decoupled differentiation of cell 2 

morphology and gene expression. 3 

 4 

DISCUSSION 5 

How cell fate specification is coupled to morphogenesis from cellular to organismal scales remains a 6 

central question in developmental biology, particularly in species with varying complexity. In this study, 7 

we demonstrate that 3D cell morphology descriptors quantitatively capture diverse cellular behaviors 8 

through both mathematical formulation and empirical validation (Figure 1; METHOD DETAILS). These 9 

morphological features are linked not only to dynamic cellular processes (e.g., asymmetric division, 10 

intercalating movement, and neighbor contact) (Figure 2), but also to hierarchical differentiation spanning 11 

from germ layers (Figure 4) to tissues/organs (Figure 5) and cell-specific adjustments within them (e.g., 12 

body-axis-dependent adjustment) (Figure 6). Global and local analyses reveal that cell morphologies are 13 

precise among individual embryos and robust to mechanical pressure, yet they rely critically on intercellular 14 

signaling, which governs contact relationships and areas essential for cell fate specification (Figure 2). 15 

Finally, high-throughput co-differentiation analyses between 12 cell morphology descriptors and 412 gene 16 

expression profiles uncover both decoupled and coupled regulatory mechanisms acting in concert to ensure 17 

precise developmental outcomes, consistent with previous findings (Figure 7) [Mestek Boukhibar et al., 18 

Ann. Bot., 2016; Li et al., Cell Rep., 2019; Xiao et al., Cell Syst., 2022; Tian et al., Phys. Biol., 2020]. 19 

Focusing on the 3D cell morphological dimension, we quantified a total of 809,718 cell objects and 20 

acquired 9,716,616 descriptor values across more than 27 C. elegans embryos, each reconstructed with 21 

complete whole-organism cell lineage traced. This high-quality dataset enables systematic analyses 22 

integrating gene expression, cell fate, cell identity, cell movement, mechanical states, signaling states, and 23 

other contextual features surrounding cell morphology (accessible via 24 

[https://www.dropbox.com/scl/fo/ynjioma2mfin454vyedwi/AMhusiAMIKter1YR9epx7c4?rlkey=15oji0q25 

3w0c44aghy1afmu3wj&st=gvdsnu9m&dl=0]) [Cao et al., Nat. Commun., 2020; Guan et al., Membranes, 26 

2024; Guan et al., Nat. Commun., 2025]. Such an informative resource provides a versatile platform for 27 

investigating a broad range of questions spanning from developmental biology to biophysics. 28 

The integration of cell morphology and gene expression dimensions offers a novel framework for 29 

exploring the regulatory mechanisms of cell biology across molecular to organismal scales. It provides a 30 

powerful methodology and dataset that can be readily applied to a range of closely related fields. 31 

(1) The successful application of 12 3D cell morphology descriptors in distinguishing differential gene 32 

expression as well as cell fate highlights the potential for expanding this framework to other types of 33 

3D descriptors and biological structures (both cell and organelle), which may provide additional or 34 

complementary insights and warrant systematic incorporation and evaluation [Tolonen et al., bioRxiv, 35 

2025; van Bavel et al., Bioinformatics, 2023]. While specific 3D descriptor forms have demonstrated 36 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/rmqcg166. This version posted December 16, 2025. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



26 

 

unique strengths in certain biological contexts, their 2D counterparts may exhibit comparable 1 

performance and can be further developed and applied in scenarios where 2D imaging data are more 2 

accessible [Ramezani et al., Nat. Methods, 2025; Benkeder et al., eLife, 2025]. 3 

(2) The validation of cell morphology descriptors in identifying differential cell fates as well as gene 4 

expression faithfully establishes their power as a novel class of biosensors. This framework can be 5 

readily applied to existing cell morphology datasets across diverse multicellular developmental systems, 6 

including both the animal (e.g., Phallusia mammillata [Biasuz et al., bioRxiv, 2025], Ascidiella aspersa  7 

[Biasuz et al., bioRxiv, 2025], Drosophila melanogaster [Stegmaier et al., Dev. Cell, 2016], Platynereis 8 

dumerilii [Vergara et al., Cell, 2021], Pracentrotus lividus [Villoutreix et al., Sci. Rep., 2016], Mus 9 

musculus [Vianello, bioRxiv, 2020], Danio rerio [Olivier et al., Science, 2010]) and plant (e.g., 10 

Arabidopsis thaliana [Kar et al., PLoS Comput. Biol., 2022]) ones [Leggio et al., Nat. Commun., 2019]. 11 

Such cross-system applications are expected to facilitate comparative studies of conserved 12 

developmental mechanisms across species as well as those unique to specific species. Given its non-13 

invasive nature and compatibility with automated segmentation, this approach holds great promise for 14 

cell fate identification in both laboratory (routine monitoring of cell or organismal cultures) and clinical 15 

(rapid evaluation of patient-derived cell samples to assess health and disease states) environments, 16 

thereby replacing or complementing molecular assays that currently depend on large sample sizes and 17 

complex experimental procedures. 18 

(3) Although the current cell morphology descriptors demonstrate strong performance in distinguishing 19 

major somatic cell fates (incl., neuron, pharynx cells, muscle, intestine, skin), it remains unclear whether 20 

these or yet unexplored morphology descriptors can effectively discriminate additional cell fates (incl., 21 

germline cells, excretory cells, and unspecified progenitors whose descendants contribute to multiple 22 

somatic cell fates). Such fine-grained distinctions have traditionally been achieved through cell lineage 23 

tracing and gene expression profiling [Sulston et al., Dev. Biol., 1977; Sulston et al., Dev. Biol., 1983; 24 

Paczkó et al., Commun. Biol., 2024], yet an equivalent morphology-based classifier remains to be 25 

established. Developing customized morphology descriptors tailored for specific fate distinctions could 26 

offer a unique advantage, particularly given their non-invasive nature, potential for high-throughput 27 

implementation in living systems, and straightforward indication of “morphogenesis”. 28 

(4) Cell morphology may distinguish not only cell fates and gene expression but also diverse activities 29 

across scales [Barbier de Reuille et al., eLife, 2015; Guan et al., Membranes, 2024]. At cellular scales 30 

(e.g., asymmetric division and intercalating movement tested in this study), cellular behaviors that have 31 

been reported with unique morphological features, such as cell adhesion [Hou et al., Sci. Rep., 2019], 32 

cell stiffness [Chiang et al., Biomaterials, 2013], apoptosis [Chen et al., Cell Death Dis., 2024], 33 

engulfment, migration, and so forth warrant further quantitative dissection through morphological 34 

characterization. At molecular scales, additional dimensions beyond conventional gene expression can 35 

be incorporated, such as trans-splicing [Yang et al., Genome Res., 2017], chromatin accessibility [Zhao 36 
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et al., Mol. Syst. Biol., 2021], metabolic profiling [Chen et al., EMBO Rep., 2023], and microRNA 1 

landscapes [Xu et al., Nat. Commun., 2024], all of which are closely linked to gene expression. While 2 

time-lapse imaging is typically restricted to monitoring one or a few molecular markers (e.g., genes or 3 

proteins), whole-organism sequencing at specific developmental stages could significantly expand 4 

molecular coverage, transforming our 412-gene dataset into a genome-wide scale — albeit at the cost 5 

of cellular identity and temporal resolution. Altogether, integrating multi-scale datasets is expected to 6 

illuminate how physical and biological information are transmitted and converge to regulate 7 

development across scales. Beyond the co-differentiation analyses presented here, advanced data-8 

mining strategies (e.g., neural networks, deep learning, and other AI-based frameworks) may help 9 

uncover hidden correlations among features. Furthermore, theoretical modeling that bridges molecular 10 

dynamics and cellular behaviors centered on morphology will be essential for achieving a mechanistic 11 

understanding of the coupling between physical form and biological function. 12 

 13 

Limitation of the study 14 

Although our study statistically exposes the decoupled and coupled differentiation of 412 gene 15 

expression profiles and 12 cell morphology descriptors (Figure 3; Figure 4; Figure 5; Figure 6), these 16 

quantities occupy only a subset of the full underlying information within these two dimensions. On one 17 

side, the C. elegans genome is known to contain more than 20,000 protein-encoding genes [Spieth et al., 18 

WormBook, 2014] – in the future, sequencing data of both transcriptome and proteome could be utilized to 19 

reveal more comprehensive differentiation dynamics across genes on the order of tens of thousands [Grün 20 

et al., Cell Rep., 2014; Tintori et al., Dev. Cell, 2016; Packer et al., Science, 2019; Ma et al., Nat. Methods, 21 

2021; Large et al., Science, 2025]. On the other side, each 3D cell morphology composed of thousands to 22 

millions of point-cloud vertices could be subjected to dimension reduction in optional ways – in the future, 23 

the other morphology descriptors (e.g., convexity, solidity, fractal dimension, compactness, lacunarity) as 24 

well as the implicit representation (e.g., spherical harmonics descriptor, shape spectrum, Graph-based 25 

descriptors, extended Gaussian images, angular radial transform, Laplacian-Beltrami operator and machine 26 

learning) could be utilized to reveal more comprehensive differentiation dynamics capturing different 27 

aspects of cell morphologies, especially including those subtle, hard to notice, or difficult to describe 28 

[Zhang et al., Funda Agao para a Cincia ea Tecnologia, Lisboa, Portugal, Tech. Rep. Technical Report, 29 

DecorAR (FCT POSC/EIA/59938/2004), 2007; Saghi et al., Phys. Rev. B, 2008; Kazmi et al., 2013 10th 30 

International Conference Computer Graphics, Imaging and Visualization, 2013; Liu et al., Sensors, 2017; 31 

Benkeder et al., eLife, 2025]. 32 

What’s more, despite that analyses of both natural and perturbed embryos support the coupling 33 

between expression and cell morphology to some extent, how they are coupled and the causality (if any) 34 

between them, as well as the underlying mechanisms, are still largely unknown. This is crucial for both 35 

gene expression and cell morphology – what is the reason accounting for their differentiation, decoupled 36 
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or coupled? What is the resultant physiological function? While the majority of Notch signaling studies 1 

paid attention to its role in gene expression differentiation, how it impacts cell positions, cell morphologies, 2 

and cell contacts in parallel was unclear before. Our successful identification of these functions (Figure 2; 3 

FigureS3; Figure S4) suggests that similar analyses should be extended to other gene expression 4 

differentiation events to build a more comprehensive understanding of their morphological consequences, 5 

not only those associated with Notch signaling. 6 

 7 
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS 1 

 C. elegans culture and maintenance 2 

No new C. elegans were cultured or maintained for this study. All raw data originates from the 3 

authors’ experimental papers [Cao et al., Nat. Commun., 2020; Guan et al., Nat. Commun., 2025], 4 

where experimental details are fully described. 5 

 6 

QUANTIFICATION AND STATISTICAL ANALYSIS 7 

 Mathematical basis of 3D cell morphology descriptors 8 

 9 

LINEAGE WITH CELL MORPHOLOGY AND GENE EXPRESSION 10 

 11 

METHOD DETAILS 12 

 Representation of cell division asymmetry and cell intercalation depth 13 

 14 

1. Cell Division 15 

To model the morphology during cell division, we assume cells to be perfect spheres with nuclei positioned 16 

at their centers. Consequently, a mother cell poised for division is represented by the overlap of two such 17 

spheres. We denote the radius of the larger cell (Daughter1) as 𝑟1 and that of the smaller cell (Daughter2) 18 

as 𝑟2. The distance between the two nuclei is fixed at 𝐿, and the distance between the overlapping parts of 19 

the two daughter cells is 𝑑, where 𝐿 and 𝑑 are quantified as constants. According to the schematic diagram 20 

of the maximum cross-section for a splitting mother cell shown in Figure S1C, the horizontal distance from 21 

the center of Daughter1 to the vertical plane delimiting the intersection region is given by 𝑑1, while that of 22 

Daughter2 is given by 𝑑2 . Moreover, ℎ represents the vertical height of the spherical cap formed at the 23 

intersection interface. The geometric relationship of the aforesaid parameters is given by: 24 

{

𝑟2 = 𝐿 + 𝑑 − 𝑟1
𝐿 = 𝑑1 + 𝑑2

𝑟1
2 − 𝑑1

2 = 𝑟2
2 − 𝑑2

2

(1) 25 

thus 𝑑1 and 𝑑2 can be reduced to 26 

{
 

 𝑑1 =
2𝐿𝑟1 + 2𝑑𝑟1 − 2𝐿𝑑 − 𝑑

2

2𝐿

𝑑2 =
2𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑟1𝑑

2𝐿

(2) 27 

To calculate the 12 3D morphology descriptors, some basic parameters, (i.e. volume 𝑉, surface area 𝑆, the 28 

representative axes of the oriented bounding box (OBB)) need to be quantified in advance (Figure 1A): 29 

𝑉 =
𝜋

3
[(2𝑟1 − 𝑑)(𝑟1 + 𝑑)

2 + (2𝑟2 − 𝑑2)(𝑟2 + 𝑑2)
2]

=
𝜋

12𝐿
(2𝐿 + 𝑑)2(4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑

2 − 12𝑑𝑟1 + 12𝑟1
2) (3)

 30 
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𝑆 = 2𝜋[𝑟1(𝑟1 + 𝑑1) + 𝑟2(𝑟2 + 𝑑2)] =
𝜋

𝐿
(2𝐿 + 𝑑)(2𝐿2 + 3𝐿𝑑 − 4𝐿𝑟1 + 𝑑

2 − 4𝑑𝑟1 + 4𝑟1
2) (4) 1 

𝑎 = 𝑟1 + 𝑟2 + 𝐿 = 2𝐿 + 𝑑 (5) 2 

𝑏 = 𝑐 = 2𝑟1 (6) 3 

Then, substituting the formula given in Figure 1A [Guan et al., Membranes, 2024], the 12 morphology 4 

descriptors are presented by the following equation: 5 

𝑀General Sphericity =
√36𝜋𝑉2
3

𝑆
=
√2𝐿(2𝐿 + 𝑑)(4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1

2)23

2(2𝐿2 + 3𝐿𝑑 − 4𝐿𝑟1 + 𝑑2 − 4𝑑𝑟1 + 4𝑟1
2)

(7) 6 

𝑀Diameter Sphericity =

√6𝑉
𝜋

3

𝑎
= √

4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1
2

2𝐿(2𝐿 + 𝑑)

3

(8) 7 

𝑀Intercept Sphericity = √
𝑏𝑐

𝑎2

3

= √
4𝑟1

2

(2𝐿 + 𝑑)2

3

(9) 8 

𝑀Maximum Projection Sphericity = √
𝑐2

𝑎𝑏

3

= √
2𝑟1

2𝐿 + 𝑑

3

(10) 9 

𝑀Hayakawa Roundness =
𝑉

𝑆√𝑎𝑏𝑐
3 =

4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑
2 − 12𝑑𝑟1 − 12𝑟1

2

24(2𝐿2 + 3𝐿𝑑 − 4𝐿𝑟1 + 𝑑2 − 4𝑑𝑟1 + 4𝑟1
2)
√
2(2𝐿 + 𝑑)2

𝑟1
2

3

(11) 10 

𝑀Spreading Index (Equation unshown, checkable in our matlab code) 11 

𝑀Elongation Ratio =
𝑎

𝑏
=
2𝐿 + 𝑑

2𝑟1
(12) 12 

𝑀Pivotability Index = 1 (13) 13 

𝑀Wilson Flatness Index =
𝑐

𝑎
=

2𝑟1
2𝐿 + 𝑑

(14) 14 

𝑀Hayakawa Flatness Ratio =
𝑎 + 𝑏

2𝑐
=
2𝐿 + 𝑑 + 2𝑟1

4𝑟1 
(15) 15 

𝑀Huang Shape Factor =
𝑏 + 𝑐

2𝑎
=

2𝑟1
2𝐿 + 𝑑

(16) 16 

𝑀Corey Shape Factor =
𝑐

√𝑎𝑏
=

√2𝑟1

√𝑟1(2𝐿 + 𝑑)
(17) 17 

We further verified whether the morphology descriptors are correlated with the volume or surface area 18 

asymmetry during cell division. According to the definitions of volume asymmetry Δ𝑉 and surface area 19 

asymmetry Δ𝑆:  20 

Δ𝑉 =
|𝑉𝑎 − 𝑉𝑝|

𝑉𝑎 + 𝑉𝑝
=
𝑟1
3 − 𝑟2

3

𝑟1
3 + 𝑟2

3 =
2𝑟1

3

(𝐿 + 𝑑 − 𝑟1)3 + 𝑟1
3 − 1 (18) 21 

 22 

Δ𝑆 =
|𝑆𝑎 − 𝑆𝑝|

𝑆𝑎 + 𝑆𝑝
=
𝑟1
2 − 𝑟2

2

𝑟1
2 + 𝑟2

2 =
2𝑟1

2

(𝐿 + 𝑑 − 𝑟1)2 + 𝑟1
2 − 1 (19) 23 
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According to the chain rule, the correlatio can be determined by the sign of the derivative:  1 

d𝑀𝑖

dΔ𝑗
=
d𝑀𝑖

d𝑟1
×
d𝑟1
dΔ𝑗

(20) 2 

where 𝑀𝑖  represents any morphology descriptor, and Δ𝑗  are Δ𝑉  or Δ𝑆 . Substituting specific morphology 3 

descriptor yields: 4 

(1) General Sphericity (monotonicity: increasing) 5 

d(𝑀General Sphericity)

dΔ𝑉
=

[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2(2𝑟1 − 𝑑)(2𝐿 + 𝑑 − 2𝑟1)(2𝑟1 − 𝐿 − 𝑑)

3𝑟1
2(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2(2𝐿2 + 3𝐿𝑑 − 4𝐿𝑟1 + 𝑑2 − 4𝑑𝑟1 + 4𝑟1

2 )2

× √
2𝐿(2𝐿 + 𝑑)

4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1
2

3

(21)

 6 

Given the constraint 𝑑 < 2𝑟2 < 2√𝑟1
2 + 𝑟2

2 − 𝑟1𝑟2 < 2𝑟1, the denominator term: 7 

4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑
2 − 12𝑑𝑟1 + 12𝑟1

2 = 4(𝑟1
2 + 𝑟2

2 − 𝑟1𝑟2) − 𝑑
2 > 0 (22) 8 

holds universally. Since all multiplicative terms in 
𝑑(𝑀General Sphericity)

𝑑Δ𝑉
 are positive under this contraints, we 9 

have  
d(𝑀General Sphericity)

dΔ𝑉
> 0 10 

Thus, General Sphericity exhibits a positive correlation with volume asymmetry. Similarly, 11 

d(𝑀General Sphericity)

dΔ𝑆
=
(2𝑟1 − 𝑑)(2𝐿 + 𝑑 − 2𝑟1)(2𝑟1 − 𝐿 − 𝑑)(𝐿

2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑
2 − 2𝑑𝑟1 + 2𝑟1

2)2

2𝑟1(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)(2𝐿2 + 3𝐿𝑑 − 4𝐿𝑟1 + 𝑑2 − 4𝑑𝑟1 + 4𝑟1
2 )2

× √
2𝐿(2𝐿 + 𝑑)

4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1
2

3

> 0 (23)

 12 

This confirms that General Sphericity is positively correlated with surface area asymmetry. 13 

(2) Diameter Sphericity (monotonicity: increasing) 14 

d(𝑀Diameter Sphericity)

dΔ𝑉
=
(2𝑟1 − 𝐿 − 𝑑)[(𝐿 + 𝑑 − 𝑟1)

3 + 𝑟1
3]2

3𝑟1
2(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2

× √
4

𝐿(2𝐿 + 𝑑)(4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1
2)2

3

> 0 (24)

 15 

d(𝑀Diameter Sphericity)

dΔ𝑆
=
(2𝑟1 − 𝐿 − 𝑑)(𝐿

2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑
2 − 2𝑑𝑟1 + 2𝑟1

2)2

2𝑟1(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)

× √
4

𝐿(2𝐿 + 𝑑)(4𝐿2 + 8𝐿𝑑 − 12𝐿𝑟1 + 3𝑑2 − 12𝑑𝑟1 + 12𝑟1
2)2

3

> 0 (25)

 16 

Diameter Sphericity exhibits a positive correlation with both volume and surface area asymmetry. 17 

 18 

(3) Intercept Sphericity (monotonicity: increasing) 19 

d(𝑀Intercept Sphericity)

dΔ𝑉
=
[(𝐿 + 𝑑 − 𝑟1)

3 + 𝑟1
3]2 

9(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2
× √

4

𝑟1
7(2𝐿 + 𝑑)2

3

> 0 (26) 20 
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d(𝑀Intercept Sphericity)

dΔ𝑆
=
(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑑𝑟1 + 2𝑟1
2)2 

6(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)
× √

4

𝑟1
4(2𝐿 + 𝑑)2

3

> 0 (27) 1 

Intercept Sphericity exhibits a positive correlation with both volume and surface area asymmetry. 2 

 3 

(4) Maximum Projection Sphericity (monotonicity: increasing) 4 

d(𝑀Maximum Projection Sphericity)

dΔ𝑉
=

[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

18(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2
× √

2

𝑟1
8(2𝐿 + 𝑑)

3

> 0 (28) 5 

d(𝑀Maximum Projection Sphericity)

dΔ𝑆
=
(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑑𝑟1 + 2𝑟1
2)2

12(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)
× √

2

𝑟1
5(2𝐿 + 𝑑)

3

> 0 (29) 6 

Maximum Projection Sphericity exhibits a positive correlation with both volume and surface area 7 

asymmetry. 8 

 9 

(5) Hayakawa Roundness (monitonicity: ambiguous) 10 

 11 

(6) Spreading Index (monitonicity: ambiguous)  12 

 13 

(7) Elongation Ratio (monotonicity: decreasing) 14 

d(𝑀Elongation Ratio)

dΔ𝑉
= −

(2𝐿 + 𝑑)[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

12𝑟1
4(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2

< 0 (30) 15 

d(𝑀Elongation Ratio)

dΔ𝑆
= −

(2𝐿 + 𝑑)(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑
2 − 2𝑑𝑟1 + 2𝑟1

2)2 

8𝑟1
3(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)

< 0 (31) 16 

Elongation Ratio exhibits a negative correlation with both volume and surface area asymmetry. 17 

 18 

(8) Pivotability Index (monotonicity: uncorrelated) 19 

d(𝑀Pivotability Index)

dΔ𝑉
=
d(𝑀Pivotability Index)

dΔ𝑆
= 0 (32) 20 

Pivotability Index is not related to either volume or the asymmetry of surface area. 21 

 22 

(9) Wilson Flatness Index (monotonicity: increasing) 23 

d(𝑀Wilson Flatness Index)

dΔ𝑉
=

[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

3𝑟1
2(𝐿 + 𝑑)(2𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2

> 0 (33) 24 

d(𝑀Wilson Flatness Index)

dΔ𝑆
=
(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑑𝑟1 + 2𝑟1
2)2 

2𝑟1(𝐿 + 𝑑)(2𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)
> 0 (34) 25 

Wilson Flatness Index exhibits a positive correlation with both volume and surface area asymmetry. 26 

 27 

(10) Hayakawa Flatness Ratio (monotonicity: decreasing) 28 
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d(𝑀Hayakawa Flatness Ratio)

dΔ𝑉
= −

(2𝐿 + 𝑑)[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

24𝑟1
4(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2

< 0 (35) 1 

d(𝑀Hayakawa Flatness Ratio)

dΔ𝑆
= −

(2𝐿 + 𝑑)(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑
2 − 2𝑑𝑟1 + 2𝑟1

2)2 

16𝑟1
3(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)

< 0 (36) 2 

Hayakawa Flatness Ratio exhibits a negative correlation with both volume and surface area asymmetry. 3 

 4 

(11) Huang Shape Factor (monotonicity: increasing) 5 

d(𝑀Huang Shape Factor)

𝑑Δ𝑉
=

[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

3𝑟1
2(𝐿 + 𝑑)(2𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2

> 0 (37) 6 

d(𝑀Huang Shape Factor)

dΔ𝑆
=
(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑑𝑟1 + 2𝑟1
2)2 

2𝑟1(𝐿 + 𝑑)(2𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)
> 0 (38) 7 

Huang Shape Factor exhibits a positive correlation with both volume and surface area asymmetry. 8 

 9 

(12) Corey Shape Factor (monotonicity: increasing) 10 

d(𝑀Corey Shape Factor)

dΔ𝑉
=

[(𝐿 + 𝑑 − 𝑟1)
3 + 𝑟1

3]2 

12(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)2
√

2

𝑟1
5(2𝐿 + 𝑑)

> 0 (39) 11 

d(𝑀Corey Shape Factor)

dΔ𝑉
=
(𝐿2 + 2𝐿𝑑 − 2𝐿𝑟1 + 𝑑

2 − 2𝑑𝑟1 + 2𝑟1
2)2 

8(𝐿 + 𝑑)(𝐿 + 𝑑 − 𝑟1)
√

2

𝑟1
3(2𝐿 + 𝑑)

> 0 (40) 12 

Corey Shape Factor exhibits a positive correlation with both volume and surface area asymmetry. 13 

 14 

2. Cell Intercalation 15 

During dorsal intercalation, the morphology of individual cells gradually elongates. We assume that the 16 

participating cells are composed of hemispherical ends connected by a cylindrical midsection. The radius 17 

of the hemispheres is denoted as 𝑟, and the height of the cylinder as 𝐻. Prior to intercalation, the cells 18 

display a perfect spherical shape with a radius of 𝑟 ; as the intercalation process progresses, they 19 

progressively assume an increasingly elongated capsule-like morphology. To analyzethe morphological 20 

dynamic, the fundamental parameters are calculated: 21 

𝑉 = 𝑉convex =
4

3
𝜋𝑟3 + 𝜋𝑟2𝐻 (41) 22 

𝑆 = 𝑆convex = 4𝜋𝑟2 + 2𝜋𝑟𝐻 (42) 23 

𝑎 = 𝐻 + 2𝑟 (43) 24 

𝑏 = 𝑐 = 2𝑟 (44) 25 

Then, substituting the formula given in Figure 1A [Guan et al., Membranes, 2024], the 12 morphology 26 

descriptors are presented by the following equation:  27 

𝑀General Sphericity =
√36𝜋𝑉2
3

𝑆
=

1

2(𝐻 + 2𝑟)
√4𝑟(3𝐻 + 4𝑟)2
3

(45) 28 
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𝑀Diameter Sphericity =

√6𝑉
𝜋

3

𝑎
=

1

𝐻 + 2𝑟
√𝑟2(6𝐻 + 8𝑟)
3

(46)
 1 

𝑀Intercept Sphericity = √
𝑏𝑐

𝑎2

3

= √(
2𝑟

𝐻 + 2𝑟
)
23

(47) 2 

𝑀Maximum Projection Sphericity = √
𝑐2

𝑎𝑏

3

= √
2𝑟

𝐻 + 2𝑟

3

(48) 3 

𝑀Hayakawa Roundness =
𝑉

𝑆√𝑎𝑏𝑐
3 =

3𝐻 + 4𝑟

12
√

2𝑟

(𝐻 + 2𝑟)4
3

(49) 4 

𝑀Spreading Index =
√36𝜋𝑉𝑐𝑜𝑛𝑣𝑒𝑥23

𝑆𝑐𝑜𝑛𝑣𝑒𝑥2

1

2(𝐻 + 2𝑟)
√4𝑟(3𝐻 + 4𝑟)2
3

(50) 5 

𝑀Elongation Ratio =
𝑎

𝑏
= 1 +

𝐻

2𝑟
(51) 6 

𝑀Pivotability Index = 1 (52) 7 

𝑀Wilson Flatness Index =
𝑐

𝑎
=

2𝑟

𝐻 + 2𝑟
(53) 8 

𝑀Hayakawa Flatness Ratio =
𝑎 + 𝑏

2𝑐
=
𝐻 + 4𝑟

4𝑟
(54) 9 

𝑀Huang Shape Factor =
𝑏 + 𝑐

2𝑎
=

2𝑟

𝐻 + 2𝑟
(55) 10 

𝑀Corey Shape Factor =
𝑐

√𝑎𝑏
= √

2𝑟

𝐻 + 2𝑟
(56) 11 

We further validated whether morphological descriptos exhibit a consistent trend with the progression of 12 

dorsal intercalation (i.e., as 𝐻 increases and 𝑟 decreases). Based on the total differential relationship: 13 

d𝑀 =
∂𝑀

∂𝐻
d𝐻 +

∂𝑀

∂𝑟
d𝑟 (57) 14 

Substituting specific morphology descriptors yields: 15 

(1) General Sphericity 16 

d(𝑀General Sphericity) = −
1

2(𝐻 + 2𝑟)2
√

4𝑟

(3𝐻 + 4𝑟)

3

 d𝐻 +
𝐻2

2(𝐻 + 2𝑟)2
√

4𝑟

𝑟2(3𝐻 + 4𝑟)

3

 d𝑟 (58) 17 

General Sphericity decreases with increasing 𝐻 and decreasing 𝑟. 18 

 19 

(2) Diameter Sphericity 20 

d(𝑀Diameter Sphericity) = −
4(𝐻 + 𝑟)

(𝐻 + 2𝑟)2
√

𝑟2

(6𝐻 + 8𝑟)2

3

 d𝐻 +
4𝐻(𝐻 + 𝑟)

(𝐻 + 2𝑟)2
√

1

𝑟(6𝐻 + 8𝑟)2
3

 d𝑟 (59) 21 

Diameter Sphericity decreases with increasing 𝐻 and decreasing 𝑟. 22 
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 1 

(3) Intercept Sphericity 2 

d(𝑀Intercept Sphericity) = −
2

3
√

4𝑟2

(𝐻 + 2𝑟)5

3

 d𝐻 +
2𝐻

3
√

4

𝑟(𝐻 + 2𝑟)5
3

 d𝑟 (60) 3 

Intercept Sphericity decreases with increasing 𝐻 and decreasing 𝑟. 4 

 5 

(4) Maximum Projection Sphericity 6 

d(𝑀Maximum Projection Sphericity) = −
1

3
√

2𝑟

(𝐻 + 2𝑟)4
3

 d𝐻 +
𝐻

3
√

2

𝑟(𝐻 + 2𝑟)4
3

 d𝑟 (61) 7 

Maximum Projection Sphericity decreases with increasing 𝐻 and decreasing 𝑟. 8 

 9 

(5) Hayakawa Roundness 10 

d(𝑀Hayakawa Roundness) =
2𝑟 − 3𝐻

36
√

2𝑟

(𝐻 + 2𝑟)7
3

 d𝐻 +
𝐻(3𝐻 − 2𝑟)

36
√

2

𝑟2(𝐻 + 2𝑟)7
3

 d𝑟 (62) 11 

Hayakawa Roundness displays non-monotonicity, which increases with increasing 𝐻  and decreasing 𝑟 12 

when 𝑟 >
3

2
𝐻, whereas it decreases with increasing 𝐻 and decreasing 𝑟 when 𝑟 >

3

2
𝐻.                                                                13 

 14 

(6) Spreading Index 15 

d(𝑀Spreading Index) = −
1

2(𝐻 + 2𝑟)2
√

4𝑟

(3𝐻 + 4𝑟)

3

 d𝐻 +
𝐻2

2(𝐻 + 2𝑟)2
√

4𝑟

𝑟2(3𝐻 + 4𝑟)

3

 d𝑟 (63) 16 

Spreading Index decreases with increasing 𝐻 and decreasing 𝑟. 17 

 18 

(7) Elongation Ratio 19 

d(𝑀Elongation Ratio) =
1

2𝑟
 d𝐻 −

𝐻

2𝑟2
 d𝑟 (64) 20 

Elongation Ratio increases with increasing 𝐻 and decreasing 𝑟. 21 

 22 

(8) Pivotability Index 23 

d(𝑀Pivotability Index) = 0 ⋅ (d𝐻 + d𝑟) (65) 24 

Pivotability Index is not related to the progress of dorsal intercalation. 25 

 26 

(9) Wilson Flatness Index 27 

d(𝑀Wilson Flatness Index) = −
2𝐻

(𝐻 + 2𝑟)2
 d𝐻 +

2ℎ

(𝐻 + 2𝑟)2
 d𝑟 (66) 28 

Wilson Flatness Index decreases with increasing 𝐻 and decreasing 𝑟. 29 
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 1 

(10) Hayakawa Flatness Ratio 2 

d(𝑀Hayakawa Flatness Ratio) =
1

4𝑟
d𝐻 −

𝐻

4𝑟2
d𝑟 (67) 3 

Hayakawa Flatness Ratio increase with increasing 𝐻 and decreasing 𝑟. 4 

 5 

(11) Huang Shape Factor 6 

d(𝑀Huang Shape Factor) = −
2𝑟

(𝐻 + 2𝑟)2
d𝐻 +

2𝐻

(ℎ + 2𝑟)2
d𝑟 (68) 7 

Huang Shape Factor decreases with increasing 𝐻 and decreasing 𝑟. 8 

 9 

(12) Corey Shape Factor 10 

d(𝑀Corey Shape Factor) = −
1

2
√

2𝑟

(𝐻 + 2𝑟)3
 d𝐻 +

𝐻

2
√

2𝑟

𝑟(𝐻 + 2𝑟)3
d𝑟 (69) 11 

Corey Shape Factor decreases with increasing 𝐻 and decreasing 𝑟. 12 

 13 

Based on the above mathematical derivation, the theoretical trend is highly consistent with the statistical 14 

trend of asymmetric division and dorsal intercalation presented in Figure 1E and 1F, Figure S2. 15 

 16 

Figure S1. Mathematical and numerical analysis for cell morphology in cell division and cell intercalation. 17 
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(A) Mathematical models of dividing cells with varied division asymmetry (top) and intercalating cells with 1 

varied interaction depth (bottom), with details in METHOD DETAILS. (B) Consistency between the 2 

mathematical and numerical values of modeled morphologies of dividing cells with varied division 3 

asymmetry and intercalating cells with varied interaction depth. (C) Parameterized representation of 4 

modeled morphologies of dividing cells with varied division asymmetry and intercalating cells with varied 5 

interaction depth. (D) Clustering (based on agglomerative hierarchical clustering) of linear correlation 6 

coefficient (calculated with all cellular data in embryos under natural condition) among cell morphology 7 

descriptors. 8 

 9 

 10 

Figure S2. Change of cell morphology descriptors over daughter size asymmetry (daughter volume 11 

asymmetry), with the ones over daughter volume asymmetry in Figure 1E. 12 

 13 
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 1 

Figure S3. Cell morphology variation level (compared to the embryos under natural condition) in the 2 

embryos (A) with mechanical compression and (B) with Notch signaling blocked over developmental time 3 

(using the last moment of 4-cell stage as time zero), using all their individual embryo samples. 4 
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 1 

Figure S4. Cell morphology variation is well controlled during C. elegans embryonic development, 2 

remaining robustness with mechanical compression but not with Notch signaling blocked. (A) Cell-3 

cell contact area in C. elegans embryos under natural condition (8 individual samples), with mechanical 4 

compression (17 individual samples), and with Notch signaling blocked (2 individual samples), centering 5 

the Notch signaling target and excretory cell progenitor ABplpappa, highlighting the previously reported 6 

Notch signaling (solid boundary) and non-signaling (dashed boundary) cells in MS lineage. (B) Change of 7 

cell-cell contact area, centering the Notch signaling target and excretory cell progenitor ABplpappa and 8 

highlighting the previously reported Notch signaling (solid boundary) and non-signaling (dashed boundary) 9 
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cells in MS lineage, where the circle area and band width are positively associated with cell volume and 1 

cell-cell contact area in embryos under natural condition. (C) Comparison of cell-cell contact area between 2 

embryos under natural condition and with mechanical compression, centering the Notch signaling target 3 

and excretory cell progenitor ABplpappa and highlighting the previously reported Notch signaling cells in 4 

MS lineage. (D) Comparison of cell-cell contact area between embryos under natural condition and with 5 

Notch signaling blocked, centering the Notch signaling target and excretory cell progenitor ABplpappa and 6 

highlighting the previously reported Notch signaling cells in MS lineage. (E) Cell-cell contact area in C. 7 

elegans embryos under natural condition (8 individual samples), with mechanical compression (17 8 

individual samples), and with Notch signaling blocked (2 individual samples), centering the Notch 9 

signaling target and excretory cell progenitor ABplpappaa, highlighting the previously reported Notch 10 

signaling (solid boundary) and non-signaling (dashed boundary) cells in MS lineage. (F) Change of cell-11 

cell contact area, centering the Notch signaling target and excretory cell progenitor ABplpappaa and 12 

highlighting the previously reported Notch signaling (solid boundary) and non-signaling (dashed boundary) 13 

cells in MS lineage, where the circle area and band width are positively associated with cell volume and 14 

cell-cell contact area in embryos under natural condition. (G) Comparison of cell-cell contact area between 15 

embryos under natural condition and with mechanical compression, centering the Notch signaling target 16 

and excretory cell progenitor ABplpappaa and highlighting the previously reported Notch signaling cells 17 

in MS lineage. (H) Comparison of cell-cell contact area between embryos under natural condition and with 18 

Notch signaling blocked, centering the Notch signaling target and excretory cell progenitor ABplpappaa 19 

and highlighting the previously reported Notch signaling cells in MS lineage. 20 

 21 

 22 

Figure S5. Clustering (based on agglomerative hierarchical clustering) of coupled differentiation events 23 

between cell fate pairs and gene expression profiles, illustrated in its complete mapping. 24 

 25 
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 1 

Figure S6. Clustering (based on agglomerative hierarchical clustering) of linear correlation coefficient 2 

among gene expression profiles. 3 

 4 

 5 

Figure S7. Clustering (based on agglomerative hierarchical clustering) of linear correlation coefficient 6 

between cell morphology descriptors and gene expression profiles. 7 

 8 
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 1 

Figure S8. Radar diagram of morphology descriptors distinguishing neuron, pharynx, muscle, intestine, 2 

and skin, illustrated in their split distributions (mean ± standard deviation). 3 

 4 

 5 

Figure S9. Distribution of asymmetry level (𝐴M) and statistical significance (𝑝M) in cell morphology 6 

differentiation distinguishing neuron, pharynx, muscle, intestine, and skin, shown by all morphology 7 

descriptors. 8 

 9 
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 1 

Figure S10. Change of statistical significance ( 𝑝M ) over cell region sample size for predicting 2 

differentiation between cell fate pairs, shown by all 12 cell morphology descriptors with different sensitivity 3 

levels and all cell fate pairs. 4 

 5 

SUPPLEMENTAL INFROMATION TITLES AND LEGENDS 6 

 7 

FIGURE LEGENDS 8 

Legends should be included in the submitted manuscript as a separate section. Each figure legend should 9 

have a brief title that describes the entire figure without citing specific panels, followed by a description of 10 

each panel. In writing the figure title, we encourage you to re-use the subheadings of the results section to 11 

make the relationship clear. For any figures presenting pooled data, the measures should be defined in the 12 
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figure legends (for example, "Data are represented as mean ± SEM."). Each legend should refer to any 1 

supporting items in the supplemental information (e.g., "See also Figure S1."). 2 

 3 

TABLES  4 

Please use the Microsoft Word table function to make tables; you may need to revise any tables that are not 5 

created using this function. Tables should include a title, and footnotes and/or legend should be concise. 6 

Include tables in the submitted manuscript as a separate section. 7 

When creating tables, please adhere to the following guidelines: 8 

⚫ Do not submit tables in Excel or PDF format. Do not place an Excel table in a Word document. 9 

⚫ Format tables with Word's table function; do not use tabs or spaces to create a table. 10 

⚫ Tables should not include colored text or shading, but embedded graphics with color are OK. 11 

⚫ Do not use line breaks or spaces to separate data within a cell. Use separate cells for all discrete data 12 

elements within a table. 13 

⚫ Number distinct tables as Table 1, Table 2, Table 3, etc., rather than as Table 1a, Table 1b, Table 1c, 14 

etc. 15 

⚫ If bold or italic font is used within a table to indicate some feature of the data, please give an explanation 16 

of its usage in the legend. 17 

⚫ All abbreviations within a table must be defined in the table legend or footnotes. 18 

⚫ Footnotes should be listed with superscript lowercase letters, beginning with “a.” Footnotes may not 19 

be listed with numbers or symbols. 20 

 21 
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